Abstract In this paper, we propose a novel spatial importance parameter hierarchical logistic regression modeling approach that includes measurement error from misalignment. We apply this model to study the relationship between the estimated concentration of soil metals at the residence of mothers and the development of intellectual disability (ID) in their children. The data consist of monthly computerized claims data about the prenatal experience of pregnant women living in nine areas within South Carolina and insured by Medicaid during January 1, 1996 and December 31, 2001 and the outcome of ID in their children during early childhood. We excluded mother-child pairs if the mother moved to an unknown location during pregnancy. We identified an association of the ID outcome with arsenic (As) and mercury (Hg) concentration in soil during pregnancy, controlling for infant sex, maternal race, mother's age, and gestational weeks at delivery. There is some indication that Hg has a slightly higher importance in the third and fourth months of pregnancy, while As has a more uniform effect over all the months with a suggestion of a slight increase in risk in later months.
Introduction

Background
Intellectual disability (ID; previously classified as mental retardation) is a heterogeneous set of impairments characterized by significant limitations in both intellectual functioning and adaptive behavior. ID is the most common developmental disability, impacting approximately 6.5 million people in the USA. Approximately 545,000 children receive special education services for ID each year (National Dissemination Center for Children with Disabilities 2014). The average cost of caring for a child with ID could be ten times larger than the cost of caring for a child without any disability (Goldman and Koduru 2000) . Among factors associated with ID are genetic conditions, social deprivation, toxicological exposures, injuries, and both prenatal and postnatal infections. However, in the great majority of the children, the cause still remains unknown (Goldman and Koduru 2000) . While ID can result from a variety of causes, the toxicological exposures deserve special attention since they are preventable.
Humans routinely come in contact with chemical substances in the environment by inhalation, ingestion, or dermal contact with the soil, water, food, or other environmental media. The developing fetus is particularly sensitive and can be exposed to chemicals that cross the placenta. Like essential metals, most heavy metals can move rather freely across the human placenta. Therefore, the potential health effects of chemical exposure during pregnancy cannot be overlooked (Alberta Biomonitoring Program 2008) . Because brain development starts at conception, it is important to understand mothers' risk factors during pregnancy that may pose a threat to the normal brain development of the fetus. Some toxicological/chemical factors linked to the development of ID during pregnancy are fetal alcohol syndrome and heavy metal poisoning. Chemicals have a complex distribution in the soil of rural and urban areas as a result of natural and anthropogenic sources (Davis et al. 2009 ). The main mechanism by which chemicals can cross the placenta and enter the fetus is through passive diffusion (Audus 1999) .
This study was designed to test a novel approach to incorporate residential history. Our model describes the relationship of the binary intellectual disability (ID) outcome with the exposure to chemicals during the 9 months of pregnancy, estimating a common slope multiplied by importance parameter coefficients for the monthly chemical values. In this paper, we develop a methodological approach to assess mothers' exposure during pregnancy to chemicals found in the environment. The possibility of an exposure link between concentrations of chemicals found in soils and pregnancy could have implications for prevention.
Maternal residence during pregnancy
Ignoring population mobility in studying the disease patterns can lead to bias of the risk estimates, with even a small amount of differential migration being able to bias the assessment of outcome and exposure relationships (Tong 2000) . Including residential history in statistical models can provide insight on the location and the timing of environmental exposures.
Soil chemical composition
In this study, we considered a range of such chemicals thought to have possible importance in adverse perinatal health outcomes: Arsenic (As), Chromium (Cr), Mercury (Hg), Lead (Pb), Manganese (Mn), Barium (Ba), Copper (Cu), and Nickel (Ni).
Numerous reports document elevated soil metal concentrations in urban areas from industrial and transportation sources and elevated rural soil concentrations of metals from natural geologic sources, pesticides, and industrial facilities Davis et al. 2009 , X Li et al. 2004 . As is a chemical present in higher quantities in soils treated with pesticides (Walsh et al. 1977) . Studies in animals suggest that ingested inorganic arsenic may produce developmental effects at high doses that also produce overt maternal toxicity (Centers for Disease Control and Prevention 2007a). High levels of As have been found to increase the probability of ID in children (Liu et al. 2010; McDermott et al. 2012 Vahter 2009 ). There is evidence of an association between As in soil and the combined outcome of ID and developmental delay ; however, there is no evidence of an association of As combined with other metals in soil and the outcome of ID (Liu et al. 2010) . Cr is an element present in the soils due to both natural or from industrial releases, and different forms of Cr have varying degrees of toxicity. While some compounds are considered nutrients and required in small amounts for normal health functioning, others are more deleterious to health, especially when ingested in excessive doses (U.S. Department of Health And Human Services 2012). There are no studies regarding developmental effects in humans or animals after inhalation exposure to chromium or its compounds (Centers for Disease Control and Prevention 2012).
Hg is a naturally occurring metal found throughout the environment. Hg ingestion in high doses can affect several organ systems (Centers for Disease Control and Prevention 1999). Development of the fetus' central nervous system can be sensitive to methylmercury exposure. Methylmercury concentrations in blood serum of pregnant women have been found to vary by age and geographical location (Alberta Biomonitoring Program 2008) . Prenatal exposure to Hg has been found to be associated with ID in children Trasande et al. 2006) . Pb is a metal found in small amounts in the earth's crust. People are exposed to Pb via dust, old lead-based paints, drinking water, food, or drink. High soil concentration of Pb has been found to be associated with a higher probability of ID in children, and the Centers for Disease Control and Prevention now states that even low levels of Pb are a concern (Liu et al. 2010; McDermott et al. 2012) . Mn is an essential nutrient, with small amounts necessary for normal body functioning; however, in excess, it can be detrimental to health. Elevated hair Mn concentrations have been reported in children with learning disabilities (Collipp et al. 1983 ).
Barium is a metal which exists in nature only in ores containing mixtures of elements. The potential for Ba to induce reproductive and developmental effects has not been well investigated (Centers for Disease Control and Prevention 2007b) . Copper is a metal that occurs naturally in rock, soil, water, sediment, and, at low levels, air, either as the free metal or associated with other elements in compounds that comprise various minerals. No studies were located regarding developmental effects of humans following oral exposure to copper (Centers for Disease Control and Prevention 2004) . Nickel combined with other elements occurs naturally in the earth's crust. Human studies that examined whether nickel can harm the developing fetus are inconclusive (Centers for Disease Control and Prevention 2005).
Data
Health outcome
This research is motivated by a study of ID cases in children who were born to mothers who were pregnant, and insured by Medicaid, in South Carolina between 1996 and 2002 (Aelion et al. 2009a Kim et al. 2009 Kim et al. , 2010 Liu et al. 2010; McDermott et al. 2012 Zhen et al. 2008) . In our analysis, we included only the first child for each mother. We deleted all mother-child pairs when a child was identified as having a genetic or other known cause of intellectual disability since the objective of this study was to study pregnancy-related inorganic metal exposures. Thus, cases of Down syndrome, Fragile X syndrome, Prader-Willi syndrome, Angelman syndrome, Williams syndrome, and fetal alcohol syndrome were taken out of the dataset since their cause was known. Medicaid is a health insurance program for individuals with low incomes in the USA, covering lowincome parents, children, seniors, and people with disabilities.
The outcome assessment was based on two methods. First, we used the International Classification of Disease to identify children with an ICD9 code of 317-319. These three codes identify mild, moderate, severe, and other specified or unspecified mental retardation. The second approach used the identification of children in public school special education placement for educable mental disability (mild mental retardation), trainable mental disability (moderate mental retardation), or profound mental disability (severe or profound mental retardation). ID (previously termed mental retardation) can be caused by an insult that occurs during the perinatal period or after birth (Centers for Disease Control and Prevention &Intellectual Disability Fact Sheet 2014). There is a lag in the diagnosis of ID in children, the time of diagnosis depending on the presentation of signs and symptoms of known syndromes, and the observation of developmental delay in the developing child. Previous literature suggests the diagnosis of ID peaks around ages 9-11 years or at fifth grade (Pless 1994 , S McDermott et al. 2007 . In this study, the children were 6-11 years of age when our case identification for the ID diagnosis was carried out. We observed that child age had a nonlinear association with ID, and it started to level out at approximately age 7 years.
Our case definition had four levels: normal, mild mental retardation (ICD9 code 317 and/or placement in a public school for educable or mild MR), moderate/severe mental retardation (ICD9 318 and/or placement in a public school for trainable (moderate) or profound MR), and unspecified MR (ICD9 code 319). The objective of our study was to model the relationship between mental retardation (all severities) vs. the children without MR (typical school placement without an ICD9 code for 317-319). Our model is constructed for a binary outcome so we grouped the three levels of MR (mild, moderate/severe, and unspecified) and created a reference group (no MR).
We assessed the outcome using electronic administrative medical and school records that are merged with a unique individual identifier, and we allowed for 10 years of follow-up data for the children. During each month of pregnancy, residential addresses for mothers were recorded. Other available mother and child characteristics that were obtained from the birth certificate and maternal Medicaid record include the following: parity, infant sex, mother's alcohol consumption, mothers' smoking status, and mothers' race. We also linked census block group characteristics for median residential building age and density in the block group.
Sampling design and measurement
The study included nine areas where soil sampling could be carried out. These areas were selected because they contained a risk gradient for ID. In order to detect the areas of elevated risk, we used a local likelihood clustering methodology according to which the conditional logistic local likelihood formulation is derived by considering the probability of a location being a case given the joint distribution of cases and comparisons within the study window (Lawson 2006) . The procedure for cluster analysis is described by Zhen et al. (Zhen et al. 2008) . Each of the nine study areas was rectangular with an area of approximately 40 square miles. The areas were dispersed throughout South Carolina, in rural and urban locations. The original data included 9,402 mother-child pairs from the nine areas, which were previously described McDermott et al. 2012; Zhen et al. 2008) . The latitude and longitude of the four corners of the nine rectangular areas that contained a cluster of ID were identified, and a uniform grid was overlaid at locations 1.0-3.0 km apart. The coordinates for each area were mapped and Global Positioning System (GPS) latitudes and longitudes were taken at each sampling location with a handheld GPS device (Garmin Etrex, Olathe, KS) . Soil was collected at 5-cm depths from each node (Aelion et al. 2009a, b) ; where nodes were inaccessible (e.g., on building locations or water bodies), soil samples were collected as close to the grid node as possible. The mean number of sampling sites in each study area is 115 with a standard deviation of 5. After sampling, soil was analyzed for the chemical values by an independent analytical laboratory (Pace Analytical, Huntersville, NC).
Data quality for residential data
We had the address of each woman for the months of pregnancy when she was enrolled in Medicaid. Since chemical values could not be measured within the private property domain of each individual residence, the concentrations of each metal were interpolated. Women were enrolled in Medicaid throughout pregnancy with a peak enrollment in month six. After month 6, enrollments dropped off due to premature deliveries and maternal movement outside the nine areas for which soil sampling was conducted. The metal concentrations for each month of pregnancy were obtained as follows: if a mother lived at the same location as in month 6, for that month, we used the month 6 chemical value. If a mother moved in a certain month inside an area with known chemical values, we interpolated and obtained the chemical values at that location. If a mother moved less than 0.25 miles outside one of the nine study areas, we considered that the mother moved to a known address, and we used the chemical value for the closest location. Otherwise, if a mother moved to a location greater than 0.25 miles outside one of the nine study areas, we considered that the mother moved to an unknown location. If a mother moved to an unknown location but less than 0.5 miles from an area with known chemical values, we used the chemical values interpolated from the closest area. If a mother moved outside the original area but more than 0.5 miles from an area with known chemical values, the chemical value for that particular month was considered missing. The cut-offs were chosen after examination of the spatial correlation of the fields. The movement summary is described in Fig. 1 .
The minimum distance from a particular latitude and longitude location to an area was determined by computing the minimum geo-distance between that particular location and each location on the borders of the area. The geo-distance between two locations was computed using the Vincenty distance formula (Vincenty 1975) , taking into account the spherical shape of the Earth, with longitudes being closer to each other, the further the latitude is from the equator.
Data subsetting
Because of the complexity of the data structure, missing addresses, and movement of the subjects throughout the pregnancy, we classified each mother's status into one of the following categories: (1) subject did not move; (2) subject moved to a location with known chemical value; (3) subject moved to an address where the chemical value is unknown but inside the original area; (4) subject moved to a location with unknown chemical value outside the original area but less than half a mile from original areas; (5) subject moved to a location outside original area with unknown chemical value and more than half a mile from any original area; and (6) missing value for the latitude/longitude location coordinates.
The data used in the current analysis are a subset of the original data in which we excluded subjects who moved to an unknown location outside original areas and more than half a mile from any original area for which chemical values could not be obtained. Subjects with missing locations were included, and latitude and longitude values for the missing location were imputed using a last observation carried forward approach. If the first month location was missing, all the locations prior to the first non-missing location were imputed with the first non-missing latitude and longitude values. The data excluding subjects with missing covariates used for the adjusted models and including only the first pregnancy had a sample size of 6,889 subjects.
Statistical model
Various approaches have been used in the literature to model residential history (Cook et al. 2009; Hoffman et al. 2010; Kim et al. 2009 Kim et al. , 2010 Hooven et al. 2012; Vieira et al. 2002 Vieira et al. , 2005 Wheeler et al. 2012) . Recently, with the advancement of geographical information systems, it has become easier to obtain point location data, resulting in an increased need for the development of statistical methods appropriate for this type of data. Unfortunately, most studies are only descriptive of the spatial distribution of disease since one cannot easily adjust for covariates or assess the risk of disease associated with a specific exposure. Existing non-Bayesian methods that allow the inclusion of covariates are generalized additive models (GAM) smoothing on location (Vieira et al. 2005) and universal Kriging, an extension of regular kriging allowing for the inclusion of spatially related covariates. An extension of the GAM model weighting each residential location by residential duration is proposed by Wheeler et al. (Wheeler et al. 2012) .
Residential history data during the prenatal period and early childhood have been analyzed in the literature using one residential address in a certain period, such as the address on a birth certificate, (Hoffman et al. 2010) or separate monthly analysis during pregnancy . Therefore, methodological approaches are needed to take into account the monthly movement of mothers during pregnancy.
Misalignment of soil chemical data
Since the soil sample sites are spatially misaligned to the residential addresses of pregnant women, we considered a range of options for the modeling of the misalignment. Due to confidentiality arrangements, we could not consider direct joint modeling of the soil chemicals and health outcomes (Banerjee et al. 2003; Gryparis et al. 2009; Lawson 2013; Paciorek 2012; Szpiro et al. 2011 ). Instead, we had to consider separate modeling of the interpolation of chemical measures. Let (s i ,z(s i )) for i=1,…,n denote the measurement of the random variable (z(s)) at the sampling location s i . A simplified version of the model with one latent spatial process and nugget effect (zero) was considered, which can be expressed in a hierarchical scheme as:
In level 1, F represented a matrix of spatially referenced non-random variables at location s i =(x 1i ,x 2i ) and α is a parameter vector. In the simple case considered here, we assumed a spatial linear trend for coordinates: s i =(x 1i ,x 2i ), and, hence, the i th row of F is F i =(1,x 1i ,x 2i ). In level 2, G(s) is a stationary spatial Gaussian process (mean=0, variance=σ z 2 ) and covariance function Σ h; ϕ ð Þ , where ∅ is the correlation parameter and h is the vector distance between two locations (i.e., h lk =‖s l −s k ‖). A range of parameterized covariances is available. From initial exploratory analysis, we found that semi-variograms of the soil chemicals were close to exponential form, and so we adopted for simplicity an exponential correlation model in the analysis:
The third level specifies the prior for the model parameters α; σ . We obtained posterior estimates of the model parameters and also the posterior mean levels of the chemicals, while also interpolating to the human health observation sites using the predictive distribution. Bayesian kriging was used for spatial interpolation of the chemicals and is described in more details elsewhere (Cai et al. 2011; Diggle and Ribeiro 2007) . Sensitivity analysis was performed for the spatial correlation models used, and it was found that the kriged prediction distributions were comparable to metal internode concentration variation (Aelion et al. 2009a, b) . The kriged estimates were validated using a leave-one-out cross validation (LOOCV) statistical method which compared the measured and LOOCV predicted values. Validation was also carried out using additional field sampling of soil metal concentrations at points between original sampling locations, which were compared to kriging prediction distributions. LOOCV results suggested that Bayesian kriging was a good predictor of metal concentrations (Aelion et al. 2009a, b) .
Because of the misalignment of the addresses to the sampling sites, there is a measurement error problem with interpolation. One approach to this problem is to use a form of Berkson error (Banerjee et al. 2003; Carroll et al. 2006) where the interpolated value of a chemical is associated with a standard error estimated from the interpolation procedure (see "Spatial logistic model Description" for further discussion).
Spatial logistic model description
We assume that we observe a realization of a spatial point process with a binary outcome observed at each location defined by its latitude and longitude coordinates.
The locations are mothers' residential addresses during pregnancy with binary mark , where s l,i are the geographical locations for motherchild pair i in month l, s l,i ∈R Although our environmental chemical covariates are measured longitudinally, the outcome is measured once after 10 years of follow-up of the children. Most ID is actually present at birth but the diagnosis is often made years later when a child cannot make expected progress in school. Clearly more cases of moderate, severe, and profound ID are diagnosed during the preschool years. Since mild ID accounts for approximately 85 % of all ID cases, almost all cases are captured by the time children reach age 10 and are in fifth grade.
We assume a logistic spatial model at the first level of our hierarchical model whereby the binary ID outcome is related to the spatial covariates and effects. We term this model "an importance parameter logistic model", and for the analyses, we adopted a Bayesian approach. Our models estimated a common overall slope, multiplied by importance coefficients for the chemical values over the nine months of pregnancy. We modeled the probability of having ID using a logit link function. Denote the true set of chemicals for the i th site (individual) as a matrix with elements z kli * ,k=1,…,p;l=1,…, 9 where p denotes the number of chemicals measured and l is the month of residence.
The model is specified as follows:
where z ki * =(z k1i * ,....,z k9i * ) T is the kth true latent soil chemical vector for the ith individual. q i =(q 1 ,…q m )
T is a vector of individual level covariates corresponding to the regression parameters β 2 =(β 21 ,…β 2m ) T , m being the number of individual level covariates. The vector w k ¼ w k1 ; :::::; w k9 ð Þ T , consists of the month specific importance parameters for the k th chemical. We denote z kli 0 the interpolated (observed) chemical values at mothers' location s il . In our study, the true chemical values {z* kli } are not observed directly at mother's residence sites, but they are observed at fixed sample sites which are misaligned with mother's residences. The chemical values at mother's residences are here predicted using Bayesian Kriging. Therefore, our model must take into account the uncertainty resulting from this prediction. There are multiple ways in which measurement error could be taken into account in a statistical model (Carroll et al. 2006 ). As we must consider the interpolated values of chemicals as our observed data (due to confidentiality), we cannot consider a full joint modeling approach. Instead, we must consider a Berkson measurement error model, in which the observed covariate is assumed to have a prior normal distribution with mean the true covariate value and specified variance. Hence, we assume, for the vector of chemicals considered
, that:
where;
Here, σ using the Delta method approximation, from the first order Taylor series expansion around the mean:
. Note that the variance of the observed chemical can vary with month as the mothers can move to different locations.
Other prior distributions
Our models are implemented in a Bayesian framework. Zero mean Gaussian prior distributions with variances σ 2 β g are assigned to the intercept and common slope:
; g ¼ 0;1 . The hyper-parameter standard deviation σ βg were assigned a uniform prior on the interval (0,C): Gelman 2006) . In examples, we examined a range of possible values for C, such as 2, 5, or 10, being mindful that this upper limit should not be informative. The month specific importance parameters w kl l ¼ 1; ::::; 9 were assigned the prior distribution:
where p k is the prior weight probability assumed to have value C 0 ¼ 0:5 . Bayesian inference for estimation of parameters is based on the posterior distribution that is obtained by multiplying the likelihood and prior distributions of parameters.
Computational issues
Samples were generated from the posterior distribution using the Metropolis version of the Metropolis-Hastings (M-H) algorithm. Due to the large number of observations, the complexity of our model and the large number of iterations required to reach convergence, the run time of the program in available Bayesian software packages exceeded normal limits. Therefore, we implemented the M-H algorithm using the C++ software, which is a relatively fast intermediate level programming language. Using a CentOS Linux operating system with a Rocks Cluster installed, the run time was 3 days and 3 h for the final model and 2 days for the one chemical models adjusted for covariates. "Appendix 1: Metropolis-Hastings Algorithm" describes the M-H algorithm used.
Goodness of fit and convergence diagnostics
Each model was run for a varying number of iterations and discarded burn-in samples depending on convergence. For some models, thinning of the samples was performed to increase computational efficiency. In the Bayesian framework, model assessment and choices of the best fitting model can be performed using the DIC (Spiegelhalter et al. 2002) , which is a Bayesian analog of the Akaike's information criteria (AIC). pD represents the effective number of parameters, which reflects the model complexity or degrees of freedom. Lower values of DIC indicate a better fit of the model. It is suggested that models with DIC within 1-2 units of the "best" deserve consideration and 3-7 have considerably less support (Tong 2000) . Convergence diagnosis was performed using Geweke criteria implemented in the CODA package in R and which Groom et al. (2007) b The metal concentration is the mean value if the mother ever moved *Indicates statistical significance. P values are obtained from a simple logistic regression in a frequentist approach with outcome ID and predictor the variable of interest. The kriged standard deviation was not considered in these models was based on a test of the equality of the means in the first and last 25 % of the chain. The Geweke Z score is computed as the difference between the sample means divided by the estimated standard error. An absolute value of the Z score lower than 1.96 was considered to indicate convergence. Trace plots of the parameters were also used to graphically assess the convergence of the chain. The parameters had an acceptance probability of at least 20 %.
Results
Descriptive characteristics Table 1 presents descriptive infant, maternal, and neighborhood characteristics of our dataset. Using simple logistic regression, when comparing the children with ID and children with no ID, those with ID were more likely to be male, have fewer weeks of gestation, and be small for gestational age.
Maternal risk factors included a race other than non-Hispanic white, lower parity and alcohol use. Neighborhood characteristics were not statistically significantly associated with the outcome. Among the chemicals, the soil concentration for Pb, Hg, and Ba were significantly associated with ID.
Model comparison for importance parameter logistic models Table 2 displays the DIC and the parameter degrees of freedom (pD). The lowest DIC was 2,923.52 for the full model including As and Hg chemicals and adjusted for infant sex, race, parity, mother's age, and gestational weeks, the DIC is 7.29 units smaller than the smallest DIC for the single chemical models. Since the smaller DIC was not close in value to any competing model, it was not necessary to use the parameters degrees of freedom (pD) as the secondary criteria to determine the best model.
Importance parameters logistic model results
A set of models was run for single chemical models adjusted for infant, maternal, and neighborhood characteristics, with continuous covariates which have been standardized for computational efficiency. The overall slope coefficient indicated an association for As and Hg. The chemicals As and Hg were included in a full model, together with covariates that had an association in single chemical adjusted models: infant sex, race, parity, mother's age, and weeks of gestation.
The results for the full model are presented in Tables 3 and  4 . The estimated common slope for As was 0.013 (0.00074, 0.038). The importance parameters were estimated to be 0. 43, 0.45, 0.44, 0.46, 0.49, 0.47, 0.47, 0.48, and 0.47 for months 1 to 9 of pregnancy respectively, suggesting relatively uniform pregnancy effect over all the months of pregnancy, but with a suggestion of a slight increase in risk in later months. The common slope for Hg was 0.11 (0.021, 0.39). The estimated importance parameters were 0.49, 0.48, 0.53, 0.52, 0.40, 0.40, 0.37, 0.38, and 0.37 for the months 1 to 9 of pregnancy respectively. The importance parameters represent the probability that at a given month a particular chemical is in the model (i.e., that the effect of exposure in that month is non zero). All the credible intervals for these parameters fall in the range {0, 1} because they are based on sorted samples of 0 s and 1 s due to the Bernoulli prior distribution assumption for the importance weights. There is some indication that Hg has slightly higher importance in the third and fourth months of pregnancy but the evidence is weak. The slope for the other chemicals did not show an association of the chemicals with the outcome. All the covariates included in the final model had an association with the outcome with the coefficients estimated at 0.69 (95 % CI=(0.48, 0.90)), 0.30 (95 % CI=(0.056, 0.56)), 0.19 (95 % CI=(0.092, 0.29) ) and −0.30 (95 % CI=(−0.38, −0.22)) for infant sex, black race, mother's age, and weeks. Because of the standardization of the continuous variables mother's age and weeks, the interpretation of their coefficients is limited and these variables were used mainly for model adjustment.
Discussion
In this paper, we proposed a Bayesian importance parameter logistic regression model to identify the importance of certain predictors in their association with the outcome, including measurement error from misalignment. The model was applied to investigate the association between maternal exposure during pregnancy and intellectual disability in children.
The main finding of the study is that As and Hg are associated with ID, this being consistent with previous studies . In our preliminary analyses we have fitted a frequentist multiple logistic regression model including all the chemicals, each averaged over all the months of pregnancy. We have fitted models both unadjusted and adjusted for infant sex, alcohol, black race, other race, smoking, building age of the house, density, parity, mother's age, and weeks. These models both showed an association between Hg exposure and ID, as well as borderline significance for As and Ba. Our model further suggests a more uniform effect of As with a slight increase in later months and higher importance of Hg exposure during the third and fourth months of pregnancy. This information is not available from a simpler logistic model approach.
We were concerned that the upper limits for the prior distributions of the standard deviations could be informative. However, examination of trace plots suggested that the standard deviations were not bounded by these limits. Also, in our analysis, we have adopted the simpler approach where the prior weight probability p k is constant and equal to 0.5. A variety of forms can be assumed for this vector. A sophisticated variant could be to assume prior correlation between elements such as logit
k being a null probability vector and correlation between months being specified by Σ. However, this may require prior knowledge for the specification of the null probability vector.
Although the use of C++ software increased the speed of running the models, due to the complexity of the modeling approach and the large dataset, the running time was still relatively long.
A limitation of our modeling approach is the fact that the model assumes linearity of the predictors and it does not consider their interactions. While a generalization of the model addressing these limitations is possible, it may limit interpretability and it may add additional complexities that may significantly increase computation time. Also, since the importance parameters can take only values of 0 and 1 in each step of the M-H algorithm, the credible intervals around the estimated mean of the importance parameters are not very informative. In our study, we considered only the chemical presence in the soil at residential address, while mother's exposure can also be due to other sources, such as presence of chemicals in the atmosphere, ingestion of mercurycontaminated seafood, or food sourced from other locations.
As is the case with many epidemiological studies, there is the possibility of potential uncontrolled confounding such as other environmental pollutants or factors associated with the socioeconomic determinants of health. Since we only included Medicaid mother-child pairs, the variability in income was limited, but this did not eliminate all other elements of socioeconomic status.
The strength of our model is the incorporation of the importance parameters, which gives insight on the association between each month's chemical values and the outcome, as well as accounting for the kriged standard deviations associated with each chemical value. Step 0 Assign starting values to θ 0 . For t=1,…,T :
Step 1 Propose new values θ′ from symmetric proposal distributions (h(θ′|θ)). In this case, we have used Gaussian proposals centered on the previous value for continuous parameters on (−∞,∞)
Step 2 Calculate log (α)=min (0, R) then, as the symmetric proposals cancel in the ratio,
where L is the likelihood function and g is the prior distribution. The following prior distributions have been assigned: Step 3 Update θ (t) =θ′ with probability α
Appendix 2: simulation
To test the ability of the model to estimate importance parameters when correlated with the outcome, we used simulated data with different model assumptions. The simulation was performed with two scenarios, one in which month six values were simulated from a different distribution compared to the rest of the months, with a higher association with the outcome (Model 1). The second scenario was there was no variation in the months related to the chemical concentrations, and they were all generated from the same distributions (Model 2). Each dataset had 500 observations. We included only a limited number of scenarios due to difficulty in obtaining convergence for other variety of distribution assumptions and parameters. In Model 1, the outcome was generated from a Bernoulli (0.5) distribution. The chemical values for each month except month six were generated from a lognormal distribution with log mean −8 and log standard deviation 0.1 to which, if the outcome was 1 a random lognormal with mean −8 and log standard deviation 0.1 was added for each individual in each month except month 6. In order to induce a higher association with the outcome, a random lognormal with mean −4.2 and log standard deviation 0.1 was added for month six. In Model 2, the outcome was generated from a Bernoulli (0.5) distribution. The chemical values for each month were generated from a lognormal distribution with log mean −8 and log standard deviation 0.0001, to which a uniform U (0, 0.0001) random number was added to each month values for each subject. The kriged standard deviation was fixed at 0.001 for both models. We considered a low standard deviation in order to have less impact on the estimated values. Model 1 was run for 20,000 iterations, with the first 5,000 iterations discarded as burn-in. Model convergence was checked using the Geweke criteria. The highest importance parameter was obtained for the month 6 values (0.99), with lower importance parameters for the rest of the months. For model 1, the credible intervals for the importance parameters were (0, 1) except for month 6 which was (1, 1). These results suggest a good capability of the model to identify the months that are correlated with the outcome. The mean intercept and 95 % credible interval was estimated to be 0.047 (−0.11, 0.21), while the common mean slope and 95 % credible interval was 2.57 (2.54, 2.61). Model 2 was run for 20,000 iterations, 5,000 burn-in and a thinning of 3. Similar (Table 5 ). For Model 2 the credible intervals for the importance parameters were (0, 1).
